The information enhancement of an hyperspectral image through building shadows removal is presented. Starting from the energy conservation model and considering the development of the simulated reflectance algorithm, the study demonstrates how it is possible to exploit the wide spectrum of an hyperspectral image in urban areas allowing the visualization of image details which were shaded by urban structures. Moreover, the described methodology positively affects land classification: the accuracy detection of four land cover classes (vegetation, buildings, asphalt and bare soil) has been improved using as input to a neural network classifier simulated reflectance image instead of the original one. The experimental data consisted of an Airborne Hyperspectral Scanner (AHS) image acquired over the city of Madrid.
I. INTRODUCTION
Hyperspectral sensors are becoming more widely applied for observation of Earth surface with high detail and this is confirmed from the increasing number of such sensors in these last years. Among the range of applications of hyperspectral data, this work has been focused on urban environment, where they are very useful to provide detailed maps of land cover. In particular, an important application is Urban Thermography, representing an effective methodology for LST (Land Surface Temperature) retrieval and Urban Energy Balance Models [1] . For remote sensing observation of urban areas, an inherent issue of high spatial resolution remote sensing images is building shadows. A frequent problem in urban environment is measuring the real spectral property of pixels in building shadows for which shadow detection is the first step. In this study, the authors propose a method to reduce the effect of building shadows on urban environment, starting from the Simulated Reflectance algorithm developed for Airborne Thematic Mapper (ATM) images [2] . The simulated reflectance can be derived from the relation between irradiance, thermal emittance, spectral reflectance and albedo based on a simplified energy conservation model of solar radiation incident on a land surface. Among the wide range of applications, the methodology has already been applied to Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) multi thermal images in which different lithologies were detected and better defined [3] . This technique highlighted sparse vegetation on shaded slopes and it permits to discriminate rocks that look uniform with a normal colour composite. Moreover, it allows to suppress topographic effect and it has the advantage of conserving surface albedo information. However, the method carries the disadvantage of a reduction of the spatial resolution in the thermal band (90 meters). With the increasing hyperspectral flights, where thermal bands have the same spatial resolution of the VIS-NIR bands, this technique can be very effective to detect features under building shadows and to highlight the surface that is shaded by these building in urban areas. (Table 1) .
II. DATASET

AHS is
III. METHODOLOGY
The solar radiation balance on the Earth can be described as:
where B is the radiation balance, M a is the absorbed energy (M a = αE which depends on α, the absorptance and E, the irradiance) and M e is the radiation emitted (thermal emission) from the land surface [5] . To satisfy conservation of energy, the following formula has to be respected:
where ρ is the reflectance (described by M r =ρE, the reflected solar radiation) [6] . Therefore, the Energy irradiance on a pixel is equal to:
This algorithm considers an imaging sensor system with two broad spectral bands: one is a panchromatic spectral band (visible to near-infrared) recording the reflected solar radiation M r , which depends on the reflectance ρ) and the other one a broad thermal band recording the band thermal emission M e . The sum image of the two bands should be equivalent to the incident irradiance on land surface E reduced by the radiation balance B, the general formula is:
where the first term on the right side of equations considers a weighted sum of the n reflective bands of a specific sensors (it is called simulated panchromatic band) and the second term is generated by the weighted sum of the m thermal bands (called wide thermal band). The sum of these two terms is called simulated irradiance band. All the spectral bands are expressed in radiance values. The simulated spectral reflectance of band λ is defined by:
ρ λ λ where is the spectral radiance of the reflective bands refereed to a specific wavelength.
IV. APPLICATION TO AHS IMAGERY
AHS dataset have been provided in radiance (mWm -2 sr -1 μm), therefore they were ready to be processed. As shown in figure 1 , the first test on an AHS testing image above Madrid shows the enhancement of the image after the simulated reflectance processing: the topographic effects of buildings have been suppressed with spectral properties of various ground objects enhanced. The general formulas have been adapted considering this airborne sensor characteristics:
Likewise, the simulated emittance ε sim for thermal bands (from 64 to 80) can be retrieved with the following formula:
Weights may be calculated using the solar radiation curve: it means that, for a specific pixel, the mean irradiance value is multiplied by the band width. By the way, several attempts have been confirmed that simulated panchromatic band and wide thermal band can be obtained with a sum of the respective bands without considering their weight: that is probably due to the fact that radiance values from VIS and Red Edge bands are higher than values from the far IR part of the spectrum, so their contribute to the simulated panchromatic band is already conspicuous even if they are not weighted. Moreover, some bands in the far IR part have not been used for the presence of stripes in the image. The simulated irradiance band has been linearly stretched with a proper cut-off at both high and low ends of the histogram before calculating ρ sim (λ). With all the image bands having the same DN range after the stretch, the weights calculated from the solar radiation curve can thus be applied on all the bands. Subsequently.
V. CLASSIFICATION USING A SIMULATED REFLECTANCE
IMAGE
Another advantage of the technique is shown in classification. An image before and after the simulated reflectance was classified. A supervised neural network (NN) algorithm has been used to identify four classes: vegetation, building, asphalt and bare soil (Figure 2 ). In the past decade many studies addressed the effectiveness of the NN algorithms for image-classification and inversion [7] : the Multi-Layer Perceptron (MLP) seems to be the most widely used topology for classifying satellite imagery [8] .
The network topology has been set as follow: -six inputs neurons, corresponding to the four simulated RGB+NIR bands plus two textural parameters extracted from the Grey Level Co-Occurance Matrix (GLCM), those are homogeneity [9] calculated on a window 3 x 3 and on a window 5 x 5 [10] ; -two hidden layers with sixteen neurons each one; -four outputs neurons (the land cover classes).
After the training phase, the image has been classified with the obtained network. The accuracy (with the same net structure and learning process) using the simulated reflectance bands as input has increased more than 4% (Table 2) in comparison with the classification obtained using the original image. In particular, asphalt recognition has a considerable improvement, probably due to the fact that roads are often shaded by building without using simulated reflectance algorithm.
VI. CONCLUSIONS
The application of simulated reflectance algorithm in urban environments showed satisfactory results to remove building shadows, especially considering the use of hyperspectral sensors, where the spatial resolution of their thermal bands is the same of the other visible and near infrared bands. This methodology allowed to suppress topographic effect and it had the advantage of conserving surface albedo information. The method does not require the use of external data and it is completely automatic starting from the radiance values.
The initial dataset could be converted in simulated reflectance and simulated emittance bands, allowing the user to process the data with any other image processing techniques: in this study, color composite, textural parameters extraction and classification have been performed. In particular, the classification of the simulated reflectance image with a supervised neural networks showed an increment of the accuracy in class recognition. 
